Informal caregiving is a potentially attractive alternative to formal care but may entail health costs for the caregiver. We examine the mental and physical health impact of providing informal care and disentangle the caregiving effect -the effect of caring for someone in need -from the family effect -the effect of caring about someone in need. We account for potential endogeneity in the caregiving decision and control for previous health status using Arellano-Bond difference GMM models. We use four waves (2010)(2011)(2012)(2013) 
Introduction
In most Western countries, the demand for long-term care (LTC) is expected to keep rising in the decades to come. In the Netherlands the demand for LTC is projected to grow at an average annual rate of 1,6% between 2014 and 2030 (Eggink et al., 2016) . Part of this growing demand is likely to be met by informal care, i.e. by unpaid care provided by relatives and friends. Such care is often preferred over formal care by both the care receiver and the government. Enhancing reliance on social networks for providing informal care is even an explicit policy goal of the recent Dutch Social Support Act (2015) .
Potentially because of this enhanced stimulation of informal care provision, the number of caregivers has risen throughout the past years. In 2016, 23% of the Dutch adult population was estimated to provide informal care, equaling more than 3 million persons. Two-thirds of this group is female. Caregiving duties are furthermore concentrated among the older inhabitants, 60% of the caregivers is aged 45-65 another 20% is aged over 65 (Gezondheidsmonitor, 2016) .
While the costs of informal caregiving are typically low for the recipient, they may be substantial for the caregiver and society. The stress and physical strain involved in informal caregiving risks hurting the health of caregivers (e.g. Pinquart and Sörensen, 2003 ). Yet, a decline in caregivers' health might not only be the result of informal care provision, it could also be driven by experiencing illness of a family member (Amirkhanyan and Wolf, 2006; Bobinac et al., 2010) . This paper aims to improve our understanding of the health effects experienced by informal caregivers by disentangling both effects.
Earlier work on health effects of informal caregiving
The health effects of informal caregiving have been studied quite extensively, with most evidence demonstrating that caregivers experience worse physical and mental health compared to non-caregivers (e.g. Pinquart and Sörensen, 2003; Pinquart and Sörensen, 2007; Vitaliano et al., 2003) . Many of these studies, however, used non-representative samples or focused on the provision of care for a specific disease (Hirst, 2004) . While the recent literature has moved towards estimating the impact of informal caregiving using larger, representative datasets, two main challenges of adequate empirical identification of these effects have emerged.
A first challenge relates to the potential endogeneity between the decision to provide informal care and one's own health. Persons with lower health expectations or a lower propensity to work might be more inclined to take up the caregiver role for their parents (Schulz, 1990) . In addition, omitted-variables may lead to bias when unobserved variables like personality affect both the propensity of providing care and the health of the caregiver.
A second challenge, which has received limited attention thus far, is dealing with the notion that two distinct effects may be present in situations of informal caregiving: the family effect and the caregiving effect. The family effect refers to the impact of caring about a person and is different from the caregiving effect of caring for a person in need. Irrespective of care provision, experiencing a health decline of a loved one can have a negative effect on one's own health or well-being (Amirkhanyan and Wolf, 2006; Bobinac et al., 2010) .
It is important to make a distinction between the caregiving effect and the family effect, as addressing them adequately would require different government interventions. Respite care, for instance, could alleviate the caregiving effect, but offers no solution to the family effect of worrying about an ill family member. As the caregiving and the family effect often occur simultaneously, it is difficult to disentangle them. Yet, not controlling for the family effect might lead to overestimation of the caregiving effect. The existence of a family effect also means that a health shock of a family member is not a valid instrumental variable (IV) to estimate the causal effect of informal caregiving on health. In the presence of the family effect, this IV violates the exclusion restriction, which requires that the instrument is uncorrelated with the error term. In other words, using health of a family member as an IV for informal caregiving could overestimate the effect of caregiving on health by attributing the entire difference in health between individuals with and without ill family members to caregiving.
A number of studies have attempted to address endogeneity problems when evaluating the health effects of informal caregiving by using statistical matching, fixed effects (FE) methods or IV approaches (see table 1 for an overview). Three studies (Brenna and Di Novi, 2016; De Zwart et al., 2017; Schmitz and Westphal, 2015) addressed endogeneity of caregiving by statistically matching caregivers and non-caregivers on observable characteristics. All three papers found negative effects of caregiving on mental health but the method might not guarantee matching on unobservables. Van den Berg et al. (2014) used FE models on Australian caregivers. They estimated significant negative effects of caregiving on subjective wellbeing. Using FE they avoided all time-constant heterogeneity, however they did not consider selection into caregiving based on time-variant elements such as previous health.
The last group of studies used IVs to estimate the impact of informal care provision. All found significant negative effects of informal caregiving on the caregiver's health. Two out of three studies made use of an instrumental variable relating to death of one's parents. Coe and Van Houtven (2009) used death of one's mother as IV for selection out of caregiving in US data and control for lagged health. Heger (2016) used the transition from having two parents to only one parent as IV for caregiving. The risk of these instruments lies in their potential violation of the exclusion restriction. The IV employed by Coe and Van Houtven could namely directly affect adult children's health via grief or relief from worries. One of their robustness tests confirms that mother's death in some cases positively affects the mental health of non-caregiving daughters, potentially because these daughters are relieved from the family effect. As a result, the negative effect of continued caregiving may be overestimated.
A similar risk is present for the instrument employed by Heger (2016) : the indicator of whether exactly one parent is alive. Although she controlled for the family effect via an indicator of poor health of a family member, and for grief via indicators of whether each of the parents are still alive, the family effect may still cause an overestimation of the caregiving effect. The loss of one parent while the other is still alive is likely to cause grief itself. Furthermore, the instrument used (the transition from having two parents to one) is unlikely to meet the monotonicity assumption, i.e. the instrument affects the treatment status in the same direction for all units. In this case, monotonicity would mean that the death of the first parent should lead to the provision of informal care or have no effect. There may be 'defiers', i.e. those who stop providing care in response to the instrument, for example because the deceased parent required informal care or because the now single parent moves to an elderly home.
Also Do et al. (2015) have considered the family effect. They used poor parental health as an IV to estimate the impact of caregiving on self-reported health and prescription drug use. The authors argue that they managed to avoid picking up the family effect by only focusing on (i) physical health effects and (ii) females providing care to their parents-in-law. It is however, unclear whether self-reported health and prescription drug use only measure physical and not mental health. Moreover, mental and physical health could affect each other, thereby making isolation of the family from the caregiving effect difficult as stress related to the family effect may induce physical health problems.
We contribute to the literature in two ways. First, we deal with both the endogeneity of caregiving and the family effect when estimating the health effect of informal caregiving. We account for potential endogeneity and specifically control for previous health status using Arellano-Bond difference GMM models.
Second, we estimate the impact of informal caregiving and the family effect for various groups of caregivers. While most papers typically focus on either parental or spousal caregiving, we examine whether the health effects of caregiving differ when caring for a spouse instead of a parent. There may be various reasons why the impact of caregiving differs between these care types. As spousal caregivers tend to be older, they often have fewer physical and psychological resources to deal with stress related to caregiving (Pinquart and Sörensen, 2003) . Furthermore, differences in the levels of care provision are seen as large drivers of differences in stress between spousal and parental caregivers (Pinquart and Sorensen, 2011) .
Methods
To deal with the potential endogeneity of caregiving and own health, we start from the economic intuition behind the caregiving decision as presented by De Zwart et al. (2017 We account for these factors that shape the caregiving decision in three ways. First, we control for both observed and unobserved time-invariant personal characteristics, like personality traits and education.
We do so by taking differences.
Second, we deal with selection based on health by controlling for pre-treatment health status. 1 Including pre-treatment health status in an individual FE model is not possible as the lagged dependent variables correlate with the fixed effects in the error term and would give rise to dynamic panel bias. This bias could affect our estimates of the lagged dependent variable, as well as the coefficients of our other independent variables, especially when the dataset contains few waves but many observations (Nickell, 1981) .
In order to control for time-invariant unobservables while including a lagged variable in our model, we make use of the Arellano-Bond (1991) (A-B) estimation technique. Replacing the fixed effects by first differences to rule out time-invariant elements does not yet solve the problem as −1 remains correlated with Δ via −1 . However, by using first differences instead of fixed effects (e.g. meancentered) transformations, deeper lags of health become orthogonal to the error term. In the A-B models, we use these deeper lags of health to instrument for the lagged health difference. We can use −2 as an instrument for ∆ −1 because −2 is correlated with ∆ −1 but not with Δ as long as the errorterms are not serially correlated. Following Arellano and Bond (1991), we do not only include the second lag of health, but all available deeper lags of health as instruments. As we have four waves of data, we can include the second and third lag.
Third, we control for remaining observed time-varying factors related to the caregiving decision and own health by including these as covariates into our models. Undoubtedly, the most prominent are the income and employment status, and the presence of other caregivers. Furthermore, we include measures to capture the family effect in the model. Accounting for these elements, we assume to control for all components potentially affecting both own health and the propensity of caregiving in the past year.
The resulting dynamic panel data model is estimated using a difference Generalized Method of Moments (GMM) regression through the Stata command xtabond2 (Roodman, 2006) . 2 The model is specified as follows:
∆Hit refers to a change in health of respondent i at time t. This health outcome is dependent on the change in one's health status the previous year ∆ −1 ; on ∆ , indicating the change of the informal care provision status; on ∆ , referring to the a change in the health state of the individual's partner or close family member, as well as a vector of changes in individual time-varying characteristics, ∆ .
All time-invariant individual characteristics are factored out by differencing. Our main parameters of interest are 2 , indicating the caregiving effect, and 3 , indicating the family effect. By including both variables into the model, we disentangle the caregiving effect from the family effect. As said ∆ −1 is instrumented by −2 and −3 .
Data We use the Study on Transitions in Employment, Ability and Motivation (STREAM) panel survey,
which includes four annual waves of data ranging from 2010 to 2013. The objective of the survey was to collect information on determinants of transitions into and out of employment and of work productivity among persons aged 45-64 years. This is also the age group providing most informal care in the Netherlands (Gezondheidsmonitor, 2016) . The STREAM sample is stratified at baseline based on age and work status and is drawn from an existing internet panel (Ybema et al., 2014) . In the first wave, 15,118 persons responded to the survey. In later waves, this original sample was invited to participate again without replacement. Attrition is low: in total almost two-thirds (64%) of the sample responded to all four surveys.
The panel data are linked at the individual level to administrative data for all registered inhabitants in the Netherlands obtained via Statistics Netherlands. 3 These administrative registers include: (i) personal demographics including information about family structure from the municipal register; (ii) information on prescribed drugs covered by health insurance from the Dutch Healthcare Insurance Board (CvZ);
(iii) health care expenses covered by the Dutch Health Insurance Act obtained from insurance claim data; (iv) household income information from the Dutch Tax Administration; and (v) data on eligibility for formal LTC assessed by the national needs assessment agency (CIZ).
Sample
From the 15,118 first wave respondents, we exclude 1,873 individuals as they (i) did not approve linkage to the register data; (ii) could not be identified in the register data; or (iii) completed the survey in the same wave twice. 4 We then select a subsample that is able to provide informal care to either their parent or partner. We therefore exclude all 2,363 respondents without a living parent or spouse at baseline. A respondent is considered to have a partner when he or she, according to the administrative records, is married or in a registered partnership. As the difference GMM regression requires at least three waves of data, we solely include individuals who responded at least three times to the survey. The inclusion criteria are listed in table 2. Our sample at baseline consists of 4,400 males and 3,528 females; across all waves we have 17,055 male and 13,693 female observations. (Ware et al., 1995) . 5 Both scales range from 0 to 100, a higher score equals a better health status.
In addition, we use two measures that capture specific aspects of health. We expect caregiving strain to have particularly large effects on fatigue and depression. Informal caregiving often leads to caregiver fatigue because caregivers may prioritize the patient's needs over their own . The SF-36 vitality subscale (0-100) assesses fatigue based on responses to four items 6 , where a higher score relates to lower fatigue/higher vitality (Ware and Sherbourne, 1992) . Although the vitality subscale was developed as part of a broader health measure, the subscale is used in isolation in various patient populations (Harel et al., 2012; Hewlett et al., 2011) .
Finally, the stress involved in caregiving (Pinquart and Sörensen, 2003) as well as the stress involved in illness of family members (Amirkhanyan and Wolf, 2006) can lead to an increase in depressive symptoms. To measure depression, we use the CES-D-10 scale, consisting of 10 questions (Radloff, 1977) . Scores can range from 0-30, a higher score relates to increased presence of depressive symptoms.
The health scores were reported as missing in case the respondent failed to answer any (MCS and PCS) or >2 questions (CES-D-10 and vitality scale).
Measurement of informal caregiving
The main treatment variable is a binary variable indicating whether someone provided informal care (IC) in the past year. Respondents were asked: 'Did you in the past 12 months spend part of your time on any of the following activities?' When they answer 'Giving Informal Care' affirmatively, they are considered informal caregivers. 7 In the last two waves of the survey, respondents were also asked to indicate to whom they provided care. To analyze differences in the type of care given, we distinguish spousal from parental caregiving in subgroup analyses. Based on the 2012 and 2013 observations, we impute the type of care in the first two waves assuming that the care recipient (parent or spouse) remains the same throughout the years. In table 3 an overview of the number of informal caregivers is given, specified by care recipient. As our sample is limited to respondents aged 45-65 we solely capture a part the caregiving-population, especially spousal caregivers tend to be older and hence underrepresented in our data. Our results might therefore underestimate the full effect, as older caregivers might be more prone to the negative health effects of caregiving (Pinquart and Sörensen, 2003) . 
Measurement of the family effect
In order to control for and estimate the family effect, a variable indicating severe illness of a family member is included in the model. This variable is self-reported and indicates whether a spouse or close family member has become severely ill within the past year. Although illness of a family member and informal caregiving often occur simultaneously, this is not necessarily the case.
Covariates
As explained in section 3, we take first-differences and control for lagged health. To deal with any remaining (time-variant) characteristics that influence both the decision to provide care and the respondent's health, we include the following individual-level covariates: age, age-squared, self- Table 4 presents descriptive statistics for our sample at baseline. The data is stratified based on whether the respondent ever provided informal care throughout the four waves of STREAM. In table A1 in the appendix the descriptive statistics for the sample stratified by gender and care-tasks can be found.
Results

Descriptive statistics
Caregivers are more often female, and show to have a lower health status at baseline. Furthermore, they are less often employed, married or living with children at home. As expected, informal caregivers more often have ill family members. SF-12 PCS and MCS and SF-36 Vitality range from 0-100 (lowest -highest level of health). CES-D-10 ranges from 0-30. a score ≥10 is considered a sign of depression. ***p < 0.01; **p < 0.05; *p < 0.1 indicate differences between never and ever informal care sample
Health effects
The estimation results of the A-B models presented in table 5 suggest that informal caregiving only has a negative effect on mental health as measured by the MCS. The effect is small compared to the mean MCS score (only about 1%). Compared to the average individual yearly change of 0.2 points on the MCS scale, the change in mental health seems however noteworthy.
We also observe significant family effects on mental health: a severe illness occurring to a family member leads to a significant decrease in the mental health score of about the same size as the caregiving effect and to a significant increase in depressed feelings. Not many other covariates show significant contributions to health changes: a change in marital status negatively correlates with changes in depressed feelings, whereas a change in experiencing financial difficulties is associated with enhanced feelings of depression and drops in vitality scores. 11 The difference GMM model furthermore relies on the assumption of no serial correlation among the errors, which can be assessed using the test proposed by Arellano and Bond (1991) . This test focuses on finding autocorrelation among the differenced error terms. We however cannot test for second order autocorrelation, as it requires five waves of data. In the absence of any formal test for this assumption, we rely on Coe and Van Houtven (2009) and Roy and Schurer (2013) who did not find any second order serial correlation of the residuals for mental health. We also estimated our model using a deeper lag of health (Hit-3), which would solve the problem in case any second order correlation were present. Use of this deeper lag of health hardly affected our estimates, supporting the robustness of our assumption. Robust standard errors are in parentheses. These regressions also include: informal care, severe illness of spouse/family member, age, age 2 , financial difficulties, children at home, married, employed, financial difficulties, standardized household income, mother alive, father alive, wave dummies. ***p < 0.01; **p < 0.05; *p < 0.1.
Heterogeneous effects: subsample analyses
In order to assess whether the caregiving effect and the family effect differ for various types of caregiving, we carry out various subsample analyses. First, we analyze whether the provision of more informal care also leads to larger mental health damage. There indeed appears to be a dose-response relationship: for individuals that start providing at least 8 hours of care per week (31% of the caregivers provide this amount of care), the impact of informal care on mental health and vitality nearly doubles (table 7) . The caregiving effect is hence larger for individuals that provide more hours of informal care per week. Robust standard errors are in parentheses. Included controls: lagged health, age, age 2 , financial difficulties, married, children at home, employed, standardized household income, mother alive, father alive, wave dummies. ***p < 0.01; **p < 0.05; *p < 0.1.
The effects also seem to differ by gender. When stratifying the sample by gender, both the caregiving effect and the family effect only affect the mental health of females. Males, by contrast, experience a physical health decline in response to informal caregiving (table 8). The caregiving effect significantly differs between both groups at the 0.01 level for all health outcomes except vitality. To assess whether the caregiving effect and the family effect differ when providing care to either parents or spouses, we carry out our analyses for a sample of spousal caregivers and a sample of parental caregivers. We present the results for parental caregivers in table 9 and spousal caregivers in table 10 .
Considering spousal and parental caregivers, we note that the caregiving effect is especially present among spousal caregivers and affects both physical heath, vitality and depression scores. Caregiving to a spouse for example leads to significant positive effects on depression scores. This effect relates to a change of more than 10% of the average CES-D-10 score, and is substantial considering the average yearly individual change in CES-D-10 scores of about 0.05. Illness of a spouse also leads to drops in mental health and vitality and increases in depressive signs. These effects are absent for parental caregivers. The results stratified by gender can be found in tables A2 and A3 in the appendix. The caregiving effect is again mostly present for females. Considering female spousal caregivers we especially note large negative health effects related to vitality and depression. These caregiving effects represent changes at the size of respectively 5 and 15 percent of the mean average scores. Robust standard errors are in parentheses. Included controls: Lagged health, age, age 2 , financial difficulties, married, children at home, employed, financial difficulties, standardized household income, mother alive, father alive, wave dummies. ***p < 0.01; **p < 0.05; *p < 0.1. Robust standard errors are in parentheses. Included controls: Lagged health, age, age 2 , financial difficulties, children at home, employed, financial difficulties, standardized household income, mother alive, father alive, wave dummies. ***p < 0.01; **p < 0.05; *p < 0.1.
Robustness analyses
We performed four tests of robustness of our model estimates, the results of these tests are presented in the appendix. We first compare OLS and FE estimation results (Tables A4 and A5 ). As OLS (not controlling for individual fixed effects) and FE (suffering from dynamic panel bias), lead to biases in different directions, the estimates of both models represent upper and lower bounds for our autoregressive coefficient (Bond, 2002) . Our A-B estimate of lagged health lies between the OLS and FE estimations, strengthening our confidence in the difference GMM model. The estimated caregiving effect and family effect in both models do not differ substantially from the A-B estimates.
Secondly, in all our models, we rely on self-reported information regarding health shocks of family members. This variable could be prone to justification bias: caregivers may justify their decision to provide care (and possibly their withdrawal from the labor market) by overstating the need of their family member (Bound, 1991) . To rule this out, we rerun all models using a variable indicating the occurrence of a negative health shock of a family member (i.e. parent or spouse) as obtained from administrative data. For this test, we use a variable indicating whether a parent or partner has become eligible for formal LTC in the current year. The estimated family effects do not differ much between both indicators (table A6) . We use severe illness instead of LTC eligibility in the main analyses, as this variable covers a broader set of health problems. Third, our model rests on the assumption that our first-difference model along with carefully selected covariates eliminates all potential biases. A threat is that our indicator of the family effect does not capture all family related health shocks the individual deals with, thereby overestimating our caregiving estimate. To test the robustness of our estimates we include a selection of variables regarding the health of family members from administrative data. These variables have been selected by a machine learning algorithm (Belloni et al., 2012 ) from a large set of detailed information on use of medication, medical care expenditures and long-term care eligibility. The caregiving effect on mental health persists after adding these additional health variables (table A7). In our main models, we rely on the health shock question as it serves as a more intuitive proxy of the family effect.
Finally, we test the robustness of our results using a different methodology. Instead of the A-B method, we use a bias-correction estimation method to correct for the dynamic panel bias. For this test we make use of the Stata command xtlsdvc (Bruno, 2005) . The estimated caregiving and family effect closely match our initial results (table A8) . We prefer to rely on difference-GMM methods in our main models as it is better suited towards models where the number of observations is large (Bruno, 2005) .
Discussion and conclusion
Illness and frailty may have health consequences for individuals who might care for and care about spouses and parents in bad health. We label these two mechanisms the "caregiving effect" and the "family effect", respectively and using a Dutch panel survey of respondents aged 45-65, we find evidence for both. We find negative effects of informal caregiving on the mental health of caregivers.
We also find a direct family effect: illness of a family member has a negative impact on own mental health. Our estimates of the caregiving effect on mental health are smaller than the findings of previous studies such as De Zwart et al. (2017) and Schmitz & Westphal (2015) . The difference in effect size could be the result of separating the family effect from the caregiving effect, yet could also be shaped by the Dutch context. The Dutch public long-term care insurance scheme is very comprehensive (Colombo et al., 2011) , potentially alleviating pressure to provide informal care.
Our findings contribute to the literature on informal caregiving in a number of ways. First, they highlight the importance of controlling for the family effect when studying informal caregiving. Ignoring the family effect and using health of a family member as instrument for informal caregiving is problematic because the direct negative effect of the health of a family member on the caregiver's health could violate the exclusion restriction of the instrument. This violation could lead to overestimations of the caregiving effect.
Second, our study allowed for some interesting subgroup analyses. These indicate that the negative mental health impact of caregiving differs for certain groups of caregivers. Female caregivers seem to experience larger caregiving effects on mental health than male caregivers. Explanations for this finding could be that females are often the primary caregiver and more likely to experience social pressure to become a caregiver (Pinquart & Sörensen. 2003) . The caregiving effect is also larger for spousal than for parental caregivers. An explanation for this distinction between spousal and parental caregivers could lie in the intensity of caregiving; spousal caregivers often provide more informal care than parental caregivers.
The findings of significant negative caregiving and family effects on mental health indicate that policy makers who seek to mitigate the negative spillovers from illness of an elderly person should focus on relieving the burden of caregiving activities but should not neglect the other family members.
Furthermore, they highlight the importance of considering the family effect in order to prevent overestimation of the caregiving effect. Finally, the findings show that the impact of caregiving is not the same for all subgroups of caregivers. Especially female and spousal caregivers experience larger negative mental health effects of caregiving. Policy could specifically aim to support these groups of caregivers with targeted interventions. SF-12 PCS and MCS and SF-36 Vitality range from 0-100 (lowest -highest level of health). CES-D-10 ranges from 0-30, a score ≥10 is considered a sign of depression. ***p < 0.01; **p < 0.05; *p < 0.1 indicate differences between never and ever IC sample Robust standard errors are in parentheses. All regressions include wave dummies. ***p < 0.01; **p < 0.05; *p < 0.1. Robust standard errors are in parentheses. Included controls: Lagged health, age, age 2 , financial difficulties, married, children at home, employed, financial difficulties, standardized household income and wave dummies. ***p < 0.01; **p < 0.05; *p < 0.1 Table A7 : Robustness check, including additional covariates regarding health of family members Robust standard errors are in parentheses. All regressions include wave dummies. ***p < 0.01; **p < 0.05; *p < 0.1.
Lasso
Both genders Standard errors are in parentheses. All regressions include wave dummies. ***p < 0.01; **p < 0.05; *p < 0.1.
